Nutrient and light availability, and their balance, can modify community composition and structure in pelagic communities. Previous studies have demonstrated contradictory findings about whether total phosphorus (TP) concentrations alone or the ratio of total nitrogen (TN) to TP concentrations (TN:TP) drive Cyanobacteria dominance in freshwater ecosystems, and influences of light availability are often overlooked. Here, we analyzed a 12 year, 137 lake database to test paradigms of phytoplankton compositional patterns across nutrient (TN, TP, TN:TP) and light availability gradients in an agricultural region. We hypothesized that (1) TN:TP ratios would better predict phytoplankton compositional shifts than TP concentrations alone, (2) Cyanobacteria relative abundance would increase at low TN:TP ratios, and (3) Cyanobacteria biomass fluctuations would be the primary driver of light climate. We found that TN:TP ratios better described phytoplankton compositional patterns than TP concentrations, with Cyanobacteria proportions decreasing with increasing TN:TP while other taxa increased. Contrary to expectations, Cyanobacteria always dominated community composition (≥80% biomass), regardless of TP concentrations. Despite these patterns, N-fixing Cyanobacteria proportions were not correlated to TN:TP, suggesting that shifts toward N-fixation were not solely driving phytoplankton compositional patterns. Although Cyanobacteria biomass decreased with increasing light availability, inorganic particles explained more variance in light than total phytoplankton biomass, suggesting that buoyancyregulating Cyanobacteria may gain an initial competitive advantage in light acquisition before bloom development in turbid systems. These findings suggest that Cyanobacteria strongly influence pelagic community dynamics in nutrientenriched lakes, and their ability to manipulate light and nutrient environments enable their persistent dominance across large environmental gradients.
Introduction
In freshwater ecosystems, phosphorus (P) concentrations commonly limit phytoplankton biomass production (Sakamoto 1966 , Dillon and Rigler 1974 , Jones and Bachmann 1976 , although nitrogen (N) concentrations have repeatedly been demonstrated to stimulate primary productivity, especially when added in combination with P (Smith 1979 , Maberly et al. 2002 , Elser et al. 2007 ). N and P concentrations and their ratios (N:P) also influence phytoplankton community composition, especially Cyanobacteria abundance, with previous studies producing contradictory findings of the main driver. Several studies have demonstrated that Cyanobacteria relative abundance increases at low N:P due to N-fixing Cyanobacteria's capacity to fix atmospheric N (Smith 1983 , Levich 1996 , whereas Trimbee and Prepas (1987) found total P (TP) concentrations to be a better predictor of Cyanobacteria dominance than either total N (TN) concentrations or TN:TP ratios. Using a dataset of world temperate lakes, Phytoplankton taxonomic compositional shifts Inland Waters (2016) 6, pp.234-249 Downing et al. (2001) demonstrated that TN and TP concentrations were better predictors of Cyanobacteria relative abundance than TN:TP ratios. Because of these contradictory findings, whether TP, TN, or TN:TP best predicts changes in phytoplankton community composition is still a matter of debate.
In addition to nutrients, underwater light climate can strongly influence phytoplankton biomass production, and the balance (or imbalance) of these resources can affect phytoplankton community structure (Cardinale et al. 2009 ). Phytoplankton community composition varies along a template of covarying factors, including gradients of nutrient and light limitation, based on the physiology and life-history strategies of taxa (Reynolds 1998) . This balance between light and nutrient resources can also alter the internal nutrient stoichiometry of phytoplankters. Sterner et al. (1997) demonstrated that relative to carbon (C), seston was P-poor under high light, low nutrient conditions and P-rich under low light, high nutrient conditions.
Phytoplankton community composition was previously demonstrated to change across large-scale gradients in TP, but analogous phytoplankton taxonomic compositional patterns across TN concentration, TN:TP ratio, and light availability gradients are lacking. Using a dataset of north temperate lakes, Watson et al. (1997) demonstrated that Cyanobacteria relative abundance increased from ~10% of total phytoplankton biomass at low TP concentrations to 100% of total phytoplankton biomass as TP concentrations approached 1000 μg L −1 . This increasing dominance of Cyanobacteria was largely at the expense of Chrysophyceae, Cryptophyceae, and Bacillariophyceae, all of which showed significant decreases with increasing TP concentrations. Because of the importance of other environmental factors in shaping phytoplankton composition, it is informative to document how phytoplankton composition changes across gradients in TN concentrations, TN:TP ratios, and light availability.
Additionally, previous empirical models of phytoplankton taxonomic composition developed for world lakes may not hold for agricultural regions because agricultural land use practices can alter transport of nutrients and particulate matter from the landscape to receiving waters. Previous studies have documented differences in N:P ratios in streams and lakes in agricultural regions versus forested regions, although the direction of change has conflicted. Compared to forested regions, Downing and McCauley (1992) documented lower N:P ratios in lakes from agricultural regions, whereas Vanni et al. (2011) documented higher N:P ratios in streams from agricultural regions. This discrepancy is likely attributed to the type of agriculture within the region because row-crop agriculture and livestock production lead to high and low N:P runoff, respectively (Arbuckle and Downing 2001) . In addition to altering the potential for N-versus P-deficient growth of phytoplankton, lakes in agricultural regions may be prone to light limitation due to increased sediment loads (Allan et al. 1997) . Further, complex interactions between light and nutrient bioavailability in agricultural regions can alter phytoplankton response to TP concentrations (North et al. 2013 , Filstrup et al. 2014b ). The decoupling of natural N and P biogeochemical cycles, as well as the increased potential for light limitation, may alter patterns in phytoplankton taxonomic composition across TP gradients in agricultural regions compared to those presented in Watson et al. (1997) .
In this study, we analyzed a large water quality monitoring dataset from an intensively managed agricultural region to test hypotheses relating phytoplankton taxonomic composition to TN and TP concentration, TN:TP ratio, and underwater light climate gradients in temperate lakes. We hypothesized that (1) TN:TP ratios would better predict changes in phytoplankton taxonomic composition than TP concentrations alone, (2) Cyanobacteria relative abundance would increase at low TN:TP ratios through increased biomass of N-fixing genera, and (3) Cyanobacteria biomass fluctuations would influence underwater light climate, thereby indirectly altering phytoplankton taxonomic composition. Our aim was not to build the best predictive models of Cyanobacteria relative abundance, or that of any other taxon, but to investigate how phytoplankton community composition changes across individual gradients in TN and TP concentrations, TN:TP ratios, and underwater light climate. Further, we comment on how changes in the balance of nutrients and light could alter the stoichiometry of phytoplankton taxa in these lakes.
Study site
We used a lake water quality monitoring dataset from the agricultural Midwestern United States to explore changes in phytoplankton taxonomic composition across TN and TP concentration, TN:TP ratio, and underwater light climate gradients in temperate lakes. The dataset includes 12 years of nutrient concentration and phytoplankton taxonomic compositional data from 137 lakes located within the state of Iowa, USA (Fig. 1) . Approximately 90% of total land area is used for agricultural purposes in Iowa (Arbuckle and Downing 2001) , and most lakes are in a nutrient-enriched condition. Although lakes included in the dataset spanned mesotrophic to hypereutrophic conditions (lake-wide average TP range = 17.6-382.6 μg L −1 ; Supplemental Table S1 ), only ~5% of lakes (n = 7 of 137) were classified as mesotrophic. Dimictic and polymictic lakes were included in the dataset, and lakes ranged across 3 orders of magnitude in surface area (range = 0. 04-60.39 ) and 1 order of magnitude in maximum depth (range = 1.2-39.6 m; Supplemental Table S1 ). The dataset will be made available upon request to the corresponding author.
Methods

Sampling design
The historic deepest location in each lake was sampled 3 times per year from 2001 to 2013, excluding 2008 due to a sampling hiatus. Sampling events represented early summer, midsummer, and late summer lake conditions. Nutrient and phytoplankton samples were collected as surface mixed-layer samples to the top of the thermocline or, when a thermocline was absent, 0.5 m from the lake bottom (up to 2.0 m) using an integrated water column sampler. Unfiltered water column samples for phytoplankton analysis were preserved in the field using Lugol's iodine (APHA 1998) . Unfiltered water column samples for nutrient analyses and preserved phytoplankton samples were stored on ice until return to the laboratory, where nutrient samples were stored at 4 °C awaiting analyses.
Field measurements and underwater light climate calculation
In situ temperature profiles were recorded using a multiparameter data sonde. Thermocline depth was defined as the depth experiencing the maximum rate of temperature decrease with increasing depth, where the maximum rate of change is ≥1 °C m −1 (Kalff 2001) . Water transparency was measured using a Secchi disk. We calculated the average light in the surface mixed layer (I m ; expressed as a fraction of surface light) from surface mixed layer depth and Secchi depth (z s )
following Sterner et al. (1997) . Briefly, I m was calculated as:
where z m is mixing depth (m); and the extinction coefficient, K, is estimated from z s (m) according to K = 1.54⁄z s (Sterner 1990 ).
Laboratory analyses
TP, TN, nitrate + nitrite (hereafter, nitrate), and ammonia + ammonium (hereafter, ammonium) samples were analyzed within 36 hours of sampling. TP concentrations were analyzed using the ascorbic acid method following persulfate digestion of unfiltered water column samples (APHA 1998) . TN concentrations were analyzed using the second-derivative spectroscopy method following persulfate digestion of unfiltered water column samples (Crumpton et al. 1992) . In addition to total nutrients, dissolved inorganic N (DIN) species were analyzed to examine shifts in N composition along TN gradients. Nitrate concentrations were analyzed using the secondderivative ultraviolet spectroscopy method (Crumpton et al. 1992) . Ammonium concentrations were analyzed using either manual or semi-automated phenate methods on filtered (0.45 μm) water samples (USEPA 1993 , APHA 1998 . Nutrient concentrations are reported as mass of P or N per unit volume.
To distinguish the influences of inorganic particles and phytoplankton biomass on underwater light climate, inorganic suspended solids (ISS) concentrations were measured following standard techniques. ISS concentrations were analyzed using the non-filterable residue method (APHA 1998) .
Phytoplankton samples were analyzed according to the methods presented in Filstrup et al. (2014a) . Briefly, phytoplankters were identified to genus and counted using an inverted microscope (Lund et al. 1958 , APHA 1998 . Cell or colonial biovolumes were calculated from linear measurements of the first 50 cells or colonies of each genus using simple geometric formulae (Hillebrand et al. 1999) . We estimated taxonomic biomass by assuming a density of 1 g cm
, which is an approximation of the density of 1.1 g cm −3 recommended by Holmes et al. (1969) . To record changes in biomass and relative abundance of N-fixing Cyanobacteria genera, we summed biomass estimates of Cyanobacteria genera capable of forming heterocytes belonging to order Nostocales and subsequently calculated their relative abundance. The following Cyanobacteria genera capable of heterocyte formation were included in Fig. 1 . Location of 137 Iowa lakes included in this study. Individual lake characteristics can be found in Supplemental Table S1 . Phytoplankton taxonomic compositional shifts Inland Waters (2016) 6, pp.234-249 the dataset: Anabaena spp., Anabaenopsis spp., Aphanizomenon spp., Cuspidothrix spp., Cylindrospermopsis spp., Gloeotrichia spp., Nostoc spp., and Rivularia spp. (Wehr and Sheath 2003) . We did not include Raphidiopsis spp. in these calculations because the presence of heterocytes is unknown in this genus (Wehr and Sheath 2003) . In the absence of direct heterocyte counts, our approach provides an estimate of potentially N-fixing Cyanobacteria because these genera may not always form heterocytes, and the approach does not account for N-fixation in the absence of heterocytes by other taxa.
Statistical considerations
Data were aggregated by lake-year prior to statistical analyses, similar to Watson et al. (1997) ) concentrations used as predictors of I m in lakes were also log 10 -transformed prior to analyses. Biomass concentrations (mg L −1 ) were log 10 (x + 1) transformed prior to analyses to improve normality and reduce heteroscedasticity. Despite this transformation, most taxonomic biomass distributions remained positively skewed because they were zeroinflated; total phytoplankton and Cyanobacteria biomasses were exceptions. Taxonomic proportional abundances were arcsine square root transformed prior to statistical analyses.
Changes in taxonomic composition over nutrient and light gradients were analyzed as in Watson et al. (1997) . To ensure comparability with the previous study as well as verify that large changes in biomass of one taxon are not biasing proportional abundance patterns of all other taxa, we considered both taxonomic biomass and proportional abundance as response variables. Briefly, a locally weighted scatterplot smoothing technique (LOWESS) was used to discern general relationships among predictor and response variables. LOWESS is a model-free smoothing technique that reveals underlying trends in noisy datasets (Cleveland and McGill 1985) . The f parameter, which controls the degree of smoothing, was set at 0.667 a priori. Least squares regression was used to identify linear and nonlinear relationships among response variables and predictor variables (TP, TN, TN:TP, and I m ). Relationships were evaluated using linear, quadratic, and cubic models. Models were compared using Akaike Information Criterion (AIC), and the model with the lowest AIC was selected as the best-fitting model. If AIC values for the best-performing models differed by <1, then we retained the simpler model (Burnham and Anderson 2004) . Significance was evaluated as p < 0.10.
Results
Predictor and response variable descriptions
Nutrient variables and underwater light availability varied widely among lake-years (Fig. 2) . Lake-year average TP concentrations were positively skewed and varied by ~2 orders of magnitude (5-572 μg L −1 ; Fig. 2a ). The majority of lake-years contained in the dataset represented eutrophic to hypereutrophic conditions, as suggested by the median TP concentration (79 μg L −1 ), with ~10% of lake-years (n = 147 of 1457) having TP concentrations <30 μg L −1 . Average TN concentrations were positively skewed, varied by >3 orders of magnitude (<0.01-17.22 mg L −1 ), and had a median concentration of 1.53 mg L −1 (Fig. 2b ). High TN concentrations were largely composed of nitrate (Fig. 3) . Lake-year average nitrate concentrations varied from <0.01 to 16.54 mg L −1 (median = 0.23 mg L −1 ), whereas lake-year average ammonium concentrations varied from 0.01 to 1.25 mg L −1 (median = 0.04 mg L −1 ) when analyzed. Because of nutrient concentration variability, TN:TP ranged from 0.1 to 1157.0 (median = 50.2), suggesting both N-and P-deficient growth conditions are represented in the dataset (Fig. 2c) . Of 1457 lake-year averages, 147 lake-years (10.1%) had TN:TP ratios <20:1 (by atoms), suggesting N-deficient growth conditions, whereas 723 lake-years (49.6%) had TN:TP ratios >50:1, suggesting P-deficient growth conditions (Guildford and Hecky 2000) . Average I m values were slightly positively skewed; values ranged from 0.02 to 0.77 with a median value of 0.19 (Fig. 2d) .
Phytoplankton taxonomic biomass and relative abundance also varied widely across lake-years (Table 1) ). Chrysophyceae, Dinoflagellata, Euglenida, and Haptophyta had median biomass concentrations <0.10 mg L −1 . Similarly, Cyanobacteria contributed the highest median relative abundance (0.81), with the second highest median relative abundance contributed by Bacillariophyceae (0.04; Table 1 ). Cyanobacteria, Bacillariophyceae, and Chlorophyta each dominated at least one lake-year, as shown by maximum relative abundances >0.95. Cryptophyceae, Chrysophyceae, and Dinoflagellata each contributed greater than half of total phytoplankton biomass in at least one lake-year, whereas Euglenida and Haptophyta were rare (<0.30 maximum relative abundance). All taxa, including Cyanobacteria, were absent in at least one lake-year (Table 1) 
Taxonomic biomass relationships
LOWESS fits revealed differing relationships for taxonomic biomasses across nutrient and underwater light availability gradients (Fig. 4) . Cyanobacteria biomass increased linearly with increasing TP concentrations, whereas both Bacillariophyceae and Chlorophyta biomass increased nonlinearly with increasing TP and reached maximum biomass asymptotes at high TP concentrations (Fig. 4a ). Cryptophyceae and Dinoflagellata displayed unimodal responses to TP concentrations. Cyanobacteria displayed a nonlinear relationship with TN concentrations; despite a localized maximum at 2.0 mg L −1
, Cyanobacteria biomass generally decreased with increasing TN before decreasing more rapidly at TN concentrations >2.0 mg L −1 (Fig. 4b ). Bacillariophyceae and Cryptophyceae were relatively flat to slightly decreasing before increasing, with increasing TN concentrations >0.5 mg L −1 and >2.5 mg L −1 , respectively. Cyanobacteria biomass was consistent at TN:TP <20 and linearly decreased with increasing TN:TP >20 (Fig. 4c ). Bacillariophyceae and Cryptophyceae biomass changed slightly at low TN:TP before accelerated increases at high TN:TP ratios (>100). Chlorophyta biomass displayed a unimodal relationship with TN:TP, reaching maximum concentrations at ~12. Cyanobacteria biomass decreased linearly with increasing I m , as did both Bacillariophyceae and Chlorophyta after slightly increasing at low I m (Fig. 4d) . Cryptophyceae biomass increased linearly with increasing I m , and Dinoflagellata displayed a unimodal relationship with I m . For each predictor variable, taxonomic biomass relationships not previously described displayed consistent biomass across that environmental gradient.
Least squares regression analyses of total phytoplankton and taxonomic biomasses across environmental gradients supported these general trends (Table 2) . Total phytoplankton biomass had a significant positive linear relationship with TP (F 1,1455 = 259.9; p < 0.001), in which TP explained 15% of the variance in total phytoplankton biomass. Cyanobacteria biomass also displayed a significant positive linear relationship with TP (F 1,1455 = 202.7; p < 0.001), with TP explaining a similar amount of variance in Cyanobacteria biomass as for total phytoplankton biomass (adj. r 2 = 0.12). Although regression models were significant for biomass-TP relationships of other taxonomic groups (p < 0.001), TP explained little of the variance (adj. r 2 < 0.05). In contrast to TP, TN explained little of the variance in total phytoplankton biomass (F 3,1453 = 17.0; p < 0.001; adj. r 2 = 0.03). Cyanobacteria biomass displayed a significant nonlinear relationship with TN (F 3,1453 = 26.8; p < 0.001), with TN explaining a lower amount of variance in Cyanobacteria biomass (adj. r 2 = 0.05) compared to TP. Regression models of biomass versus TN for Bacillariophyceae, Chlorophyta, Chrysophyceae, and Cryptophyceae were also significant (p < 0.05) but explained little variance (adj. r 2 ≤ 0.03). Total phytoplankton biomass displayed a significant unimodal relationship with TN:TP (F 3,1453 = 46.6; p < 0.001; adj. r 2 = 0.09). Cyanobacteria biomass displayed a significant nonlinear relationship with TN:TP (F 2,1454 = 87.9; p < 0.001), with TN:TP explaining a similar amount of variance in Cyanobacteria biomass (adj. r 2 = 0.11) as TP. Regression models of biomass versus TN:TP for Bacillariophyceae, Chlorophyta, Cryptophyceae, and Euglenida were significant but explained little variance (adj. r 2 < 0.02). Underwater light availability (I m ) explained the most variance in total phytoplankton biomass and Cyanobacteria biomass of any individual environmental gradient (adj. r 2 = 0.17 and 0.18, respectively), with each response variable displaying significant nonlinear decreasing relationships with I m (p < 0.001). Remaining taxa displayed significant relationships with I m (p < 0.01) but with relatively low explanatory power for taxonomic biomass (adj. r 2 < 0.04). Taxonomic biomass-environmental variable relationships not previously described were not significant (p > 0.10).
Taxonomic composition relationships
LOWESS area plots revealed that phytoplankton composition displayed discernable patterns across TN, TN:TP, and I m gradients, but not TP gradients (Fig. 5) . Cyanobacteria consistently comprised ~70-80% of total phytoplankton biomass across a 2 order-of-magnitude range of TP (Fig. 5a ). With the exception of the lowest TP concentrations, Chlorophyta and Bacillariophyceae consistently comprised 10-15% of total phytoplankton ), and (c) total nitrogen:total phosphorus (atomic), and (d) average light in the mixed layer (Im; expressed as fraction of surface light) gradients. Lines were created using LOWESS on lake-year data. Predictor variables were log10-transformed prior to analyses, except Im, which was arcsine square root transformed. Colors correspond to taxonomic group: Bacillariophyceae (brown), Chlorophyta (green), Chrysophyceae (yellow), Cryptophyceae (dark blue), Cyanobacteria (light blue), Dinoflagellata (red), and Euglenida (black). Haptophyta was not included due to low presence. , (c) total nitrogen:total phosphorus (atomic), and (d) average light in the mixed layer (Im; expressed as fraction of surface light) gradients. LOWESS fits were created using lake-year average data. Response variables were log10 (x + 1)-transformed prior to analyses. All predictor variables were log10-transformed prior to analyses, except Im, which was arcsine square root transformed. Line colors correspond to taxonomic group: Bacillariophyceae (brown), Chlorophyta (green), Chrysophyceae (yellow), Cryptophyceae (dark blue), Cyanobacteria (light blue), Dinoflagellata (red), and Euglenida (black). Haptophyta was not included due to low presence. Phytoplankton taxonomic compositional shifts Inland Waters (2016) 6, pp.234-249 Table 2 . Least squares regression models of total phytoplankton and taxonomic group biomasses versus total phosphorus (TP) concentrations, total nitrogen (TN) concentrations, TN:TP ratio (atomic), and Im (average light in the mixed layer as a fraction of surface light). Linear, quadratic, and cubic models were compared using Akaike Information Criterion (AIC); only the best performing model for each taxonomic group is presented. Biomass estimates (mg L −1 ) were log10 (x + 1)-transformed prior to analyses. TP, TN, and TN:TP were log10-transformed prior to analyses; Im was arcsine square root transformed prior to analyses. Significance was evaluated as p < 0.10 [levels provided in brackets]. NS = not significant. Division Haptophyta not included due to low presence. biomass, with Chlorophytes comprising the majority at low TP and Bacillariophytes comprising the majority at high TP. Chrysophyceae, Cryptophyceae, Dinoflagellata, and Euglenida consistently combined to provide 10-15% of phytoplankton biomass across the TP gradient. Cyanobacteria relative abundance decreased from ~95% of total phytoplankton biomass at the lowest TN concentrations to ~80% of total phytoplankton biomass at 1 mg L −1 TN before decreasing rapidly with increasing TN concentrations >2.5 mg L −1 (Fig. 5b) . Bacillariophyceae and Cryptophyceae increased nonlinearly with increasing TN concentrations >2.5 mg L −1 to comprise greater percentages of the phytoplankton composition. Cyanobacteria relative abundance decreased linearly with increasing TN:TP until TN:TP = 100, thereafter decreasing at an accelerated rate (Fig. 5c) . Overall, Cyanobacteria relative abundance decreased from ~95% of total phytoplankton biomass at TN:TP <1 to ~45% at TN:TP >1000. The relative abundance of other taxonomic groups, except Euglenida, increased with increasing TN:TP ratios, although by differing rates. Bacillariophyceae and Chrysophyceae relative abundances increased most rapidly with increasing TN:TP >100, whereas Cryptophyceae and Dinoflagellata increased at consistent rates. Chlorophyta relative abundance did not seem to increase with increasing TN:TP ratios >100. Cyanobacteria relative abundance decreased from ~90% of total phytoplankton biomass at the lowest I m to 60% of total phytoplankton biomass at the highest I m (Fig. 5d) . Cryptophyceae relative abundance began increasing at an accelerated rate beyond medium I m and comprised ~20% of total phytoplankton biomass at the highest I m . Chlorophyta and Chrysophyceae increased at relatively consistent rates across the I m gradient, whereas Bacillariophyceae consistently contributed 10% of total phytoplankton biomass across the gradient. TN concentrations, TN:TP ratios, and I m were better predictors of phytoplankton community composition than TP concentrations, although large amounts of unexplained variance persisted in predictive models of taxonomic relative abundance (Table 3) . With the exception of Chrysophyceae (F 3,1452 = 42.7; p < 0.001; adj. r 2 = 0.08), TP was a poor predictor of taxonomic relative abundance, with the top performing models being nonsignificant (p > 0.10) for 3 of 7 taxa (i.e., Chlorophyta, Cryptophyceae, and Euglenida) and significant models explaining almost no variance (adj. r 2 ≤ 0.02) for the remaining taxa. Predictive models for each taxon versus TN concentrations were significant, although TN explained ≤1% of variance in each of Chlorophyta, Dinoflagellata, and Euglenida. Cubic polynomial regression models of taxonomic relative abundance versus TN explained 8% of the variance in Cyanobacteria (F 3,1452 = 42.4; p < 0.001) and Bacillariophyceae (F 3,1452 = 44.7; p < 0.001) each, and 3% of the variance in Chrysophyceae (F 3,1452 = 13.9; p < 0.001) and Cryptophyceae (F 3,1452 = 18.5; p < 0.001) each. Cyanobacteria relative abundance displayed a significant nonlinear relationship with TN:TP (F 3,1452 = 50.4; p < 0.001) with TN:TP ratios explaining similar amounts of variance in Cyanobacteria relative abundance as TN concentrations (adj. r 2 = 0.08 versus 0.09, respectively). Similarly, TN:TP explained 8% of the variance in Bacillariophyceae relative abundance (F 3,1452 = 44.6; p < 0.001). Of the remaining taxa, predictive models of taxonomic relative abundance versus TN:TP explained 4% of variance in Cryptophyceae relative abundance; ≤1% of variance in Chlorophyta, Chrysophyceae, and Dinoflagellata relative abundance; and no variance in Euglenida relative abundance. Compared to other individual predictors, I m explained the most variance in Cryptophyceae (F 1,1454 = 154.9; p < 0.001; adj. r 2 = 0.10) and Dinoflagellata (F 3,1452 = 48.2; p < 0.001; adj. r 2 = 0.09) relative abundance, as well as explaining similar amounts of variance in Cyanobacteria relative abundance (F 1,1454 = 142.5; p < 0.001; adj. r 2 = 0.09) as TN and TN:TP. I m explained 6% of the variance in Chrysophyceae relative abundance (F 1,1454 = 44.6; p < 0.001) and little (adj. r 2 ≤ 0.02 for Chlorophyta and Bacillariophyceae) to no (p > 0.10 for Euglenida) variance for remaining taxa.
Predictor variables
N-fixing Cyanobacteria distribution
We hypothesized that Cyanobacteria biomass and relative abundance would increase at low TN:TP ratios through increased biomass of N-fixing genera, and therefore phytoplankton taxonomic composition would display discernable patterns across TN:TP ratio and TN concentration gradients. Although Cyanobacteria relative abundance decreased with increasing TN:TP ratios and TN concentrations, TN:TP (F 1,1454 = 23.1; p < 0.001; adj. 
Factors influencing underwater light availability
We were interested in whether phytoplankton biomass or inorganic particles were primarily responsible for creating the underwater light availability gradient in this study (Fig. 6) . Linear regressions of I m versus ISS and total phytoplankton biomass suggested that although both individual predictors explained some variance in DOI: 10.5268/IW-6.2.939 underwater light availability, ISS (adj. r 2 = 0.32; p < 0.001) explained twice as much variance as total phytoplankton biomass (adj. r 2 = 0.16; p < 0.001; Fig. 6 ).
Influence of light-nutrient imbalance
We calculated the ratio of I m to TP (Sterner et al. 1997 ) to examine how phytoplankton taxonomic biomass and relative abundance varied across a light availabilitynutrient imbalance gradient. Cyanobacteria biomass decreased linearly from nutrient-rich conditions (i.e., low I m :TP) to light-rich conditions (i.e., high I m :TP), and Bacillariophyceae biomass was relatively constant from low to medium I m :TP and decreased at high I m :TP (Fig. 7a ).
Chlorophyta and Cryptophyceae displayed unimodal relationships across I m :TP gradients, whereas remaining taxa had relatively constant biomass. Patterns in taxonomic relative abundance supported taxonomic biomass trends. Cyanobacteria relative abundance decreased from 90% at the lowest Im:TP ratios to a minimum of 70% at high I m :TP (Fig. 7b) . Bacillariophyceae was consistently ~10% of total phytoplankton biomass except at the highest I m :TP ratios, where its relative abundance decreased. Chlorophyta relative abundance increased with increasing I m :TP and comprised 10% of total phytoplankton biomass at the highest I m :TP ratios. ). ISS concentrations were log10-transformed prior to analyses, whereas total phytoplankton biomass was log10 (x + 1)-transformed. The response variable was arcsine square root transformed prior to analyses. ) and (b) phytoplankton taxonomic percent abundance (%) across light:total phosphorus gradients. LOWESS fits of lake-year average data were used to create phytoplankton taxonomic biomass and percent abundance trends. Phytoplankton taxonomic biomass was log10 (x + 1)-transformed prior to analyses. Predictor variable was calculated as the ratio of average light in the mixed layer (Im) to total phosphorus concentration (μg L −1
) and was log10-transformed prior to analyses. Phytoplankton taxonomic compositional shifts Inland Waters (2016) 6, pp.234-249
Discussion
Influence of N:P ratios versus P concentrations alone on phytoplankton composition
Because previous studies have reported contradictory findings regarding the primary drivers of phytoplankton taxonomic composition (Smith 1983 and general patterns in phytoplankton taxonomic composition have only been documented across TP gradients (Watson et al. 1997 ), we were interested in how phytoplankton taxonomic composition changes across gradients in TN concentrations, TN:TP ratios, and light availability. We hypothesized that TN:TP ratios would better predict changes in phytoplankton taxonomic composition than TP alone, largely because Cyanobacteria dominance would drive overall phytoplankton compositional shifts in these mesotrophic to eutrophic lakes. With the exception of Chrysophyceae relative abundance, findings from this study supported our hypothesis for other taxa. For example, TN:TP explained 9% and 8% of the variance in Cyanobacteria and Bacillariophyceae relative abundance, respectively, whereas TP explained ≤1% of variance in either taxon (Table 3) . These findings support previous research demonstrating that TN:TP is important in explaining Cyanobacteria dominance of phytoplankton communities (Smith 1983 , Levich 1996 but counter to other studies suggesting that TN:TP is a poor predictor . The similar amount of variance explained for Bacillariophyceae and Cyanobacteria but opposite relationships across TN:TP gradients suggests that Cyanobacteria are primarily being replaced by Bacillariophyceae as N concentrations increase relative to P concentrations (Table 3) .
Although we hypothesized that TN:TP ratios would better explain phytoplankton taxonomic shifts than TP concentrations, the lack of discernable trends in phytoplankton composition across a 2 order-of-magnitude range in TP was unexpected, as was how little variance in phytoplankton composition was explained by TP. Cyanobacteria consistently comprised 70-80% of total phytoplankton biomass (Fig. 5a ). By comparison, Cyanobacteria increased from ~10% to 100% of total phytoplankton biomass across a similar TP range in world lakes (Watson et al. 1997 ). Counter to observations from world lakes, overall patterns in Cyanobacteria relative abundance in our study region were higher than expected at low TP without reaching 100% of total phytoplankton biomass at the highest measured TP concentrations, although Cyanobacteria did contribute 100% of total phytoplankton biomass in some lake-years (Table 1) . Additionally, TP concentrations explained little variance in the relative abundance of any taxonomic group, including Cyanobacteria (adj. r 2 = 0.01; Table 3 ). Previous studies of temperate lakes have found that TP concentrations explain between 34% and 63% of variance in Cyanobacteria relative abundance, respectively (Trimbee and Prepas 1987, Downing et al. 2001) . These atypical relationships suggest that Cyanobacteria are well adapted to large variations in TP in nutrient-enriched systems or that other environmental gradients are more important in shaping phytoplankton community composition in this agricultural region. We hypothesize that differing landscape characteristics can help explain inconsistencies in phytoplankton community composition-TP relationships between our study and Watson et al. (1997) . Our study focused on lakes in an intensively managed agricultural region where agricultural land use practices can strongly influence nutrient bioavailability and the balance between nutrients and light in lakes. Agricultural regions can supply P fractions in a more readily available form to receiving waters (Sharpley et al. 2004) , potentially contributing to a larger response in phytoplankton biomass to a given concentration of TP in agricultural regions compared to other regions (Filstrup et al. 2014b ). North et al. (2013) demonstrated that although agricultural land use practices supplied more bioavailable P fractions, they also contributed greater seston loads and therefore reduced light availability in tributaries. Phytoplankton may be more prone to light limitation in agricultural regions because receiving waters typically receive higher sediment loads compared to other regions (Allan et al. 1997) . Additionally, watershed transport capacity, not simply the amount of nutrient on the landscape, can alter N:P in lakes by differential transport rates of N and P (Fraterrigo and Downing 2008) . Unfortunately, N data and metrics of light availability are not available for the lake dataset used by Watson et al. (1997) , so we are unable to determine whether the nutrient and light availability characteristics of lakes cover the same range in both datasets.
Despite the importance of TN:TP ratios in shaping phytoplankton taxonomic composition, TP concentrations were a better predictor of total phytoplankton (adj. r 2 = 0.15) and Cyanobacteria (adj. r 2 = 0.12) biomass in our study region, although TN:TP explained similar amounts of variance in Cyanobacteria biomass (adj. r 2 = 0.11; Table  2 ). The amount of variance explained by TP was low compared to previous studies, however. In 2 independent studies of world lakes, TP regressions explained 71% of the variance in total phytoplankton biomass and 62% of variance in Cyanobacteria biomass (Watson et al. 1997) , and 67% of variance in Cyanobacteria biomass (Trimbee and Prepas 1987) . These findings are anticipated because 89.9% of lake-year observations had TN:TP >20 (Fig. 2c) , supporting the paradigm that P limits phytoplankton biomass production in lakes (Sakamoto 1966 , Dillon and Rigler 1974 , Jones and Bachmann 1976 
Influence of N-fixing Cyanobacteria
The ability of certain Cyanobacteria to fix atmospheric N is frequently cited as the primary mechanism for Cyanobacteria dominance under N-deficient growth conditions (Smith 1983 , Levich 1996 . Although Cyanobacteria relative abundance decreased nonlinearly across the entire range of TN:TP (Fig. 5c) , data did not support the hypothesis that N-fixing Cyanobacteria biomass caused this pattern. TN:TP ratios explained little of the variance in either N-fixing Cyanobacteria biomass or relative abundance (adj. r 2 = 0.05 and 0.01, respectively). De M. Huszar and Caraco (1998) similarly found poor correlation between Cyanobacteria and TN:TP ratios, attributing this to TN being primarily composed of dissolved organic N rather than the more bioavailable dissolved inorganic N fraction. Nitrate concentrations largely comprised TN in our study, especially at high TN (Fig. 3) , so a different mechanism is likely contributing to the poor correlation observed in our study. Because N-fixing Cyanobacteria comprised a small percentage of total phytoplankton biomass (median = 0.7%; 25 th -75 th percentiles = <0.1-6.8%) and N-deficient growth conditions were rare (10.1% of lake-years), N-fixing Cyanobacteria may not have a large influence on overall Cyanobacteria distribution in this region. Additionally, N-fixing Cyanobacteria growth may be absent in lakes under N-deficient growth conditions with reduced underwater light climate, which favor non-heterocyte forming Cyanobacteria (Havens et al. 2003) . Microcystis spp., a non-heterocyte forming Cyanobacterium, are the predominant Cyanobacteria genus in this region (Filstrup et al. 2014a) , which supports this finding. A potential concern is that our approach to estimating N-fixing potential as biomass rather than more direct methods, such as heterocyte counts or measuring N-fixation rates, may have overestimated N-fixation potential and therefore obscured underlying trends between N-fixing Cyanobacteria and TN:TP gradients.
Despite these concerns, the decrease in Cyanobacteria relative abundance with increasing TN:TP began accelerating at TN:TP >100 (Fig. 5c ). This observed threshold was greater than anticipated but of similar order-of-magnitude based on the threshold for N-deficient growth conditions (TN:TP = 20 by atoms; Guildford and Hecky 2000) and the threshold demonstrated in previous studies (TN:TP = 64 by atoms; Smith 1983) . Unlike the sharp threshold displayed in Smith (1983) , in which few lakes with TN:TP ratios greater than the threshold contained substantial Cyanobacteria fractions, Cyanobacteria still comprised 45% of total phytoplankton biomass at the highest TN:TP ratio (~1000) in our study (Fig. 5c ). Our findings also contrasted with those of Downing et al. (2001) , where Cyanobacteria comprised <10% of total phytoplankton biomass at TN:TP >100, and phytoplankton communities in these lakes had 0% risk of being dominated (>50% biomass) by Cyanobacteria. Similar to the dominance of Cyanobacteria across TP gradients in our study, the high proportion of Cyanobacteria, even at the highest TN:TP ratios, suggests that Cyanobacteria are either adapting their physiology or altering their environment to maintain their dominance across larger than expected environmental gradients.
Alternatively, TN concentrations, rather than TN:TP itself, may be driving observed trends in phytoplankton composition. For example, Cyanobacteria relative abundance displayed greater change across TN gradients than TN:TP gradients (i.e., greater decrease after the TN > 2.5 mg L −1 threshold; Fig. 5) , and TN explained similar amounts of variance in taxonomic relative abundance as TN:TP (Table 3) . High TN concentrations in these lakes were almost exclusively composed of nitrate concentrations (Fig. 3) .
Influence of light availability
Underwater light availability (I m ) was strongly related to taxonomic biomass and relative abundance in this region. I m was the single best predictor of total phytoplankton and Cyanobacteria biomass (adj. r 2 = 0.17 and 0.18, respectively; Table 2), with Cyanobacteria biomass linearly decreasing with increasing I m (Fig. 4d) . Cyanobacteria relative abundance also decreased with increasing I m (Fig.  5d) . Cyanobacteria are well-adapted to low light availability compared to other taxa based on differences in light utilization strategies (Schwaderer et al. 2011) . Some Cyanobacteria taxa can control their buoyancy, and therefore their position in the water column, by regulating gas vesicles, allowing them to "shade out" other phytoplankters (Reynolds et al. 1987 , Walsby 1994 . By contrast, previous studies have also demonstrated that Cyanobacteria have mechanisms to handle high light environments, including ultraviolet stress (Sommaruga et al. 2009, Paerl and Paul 2012) . Although we anticipated that Cyanobacteria would dominate phytoplankton composition under low light conditions, the strong decrease in Cyanobacteria biomass across I m gradients in this study was unexpected given their adaptations to handle both low and high light conditions. This finding suggests that light may be interacting with nutrient concentrations and ratios in these systems, as previously demonstrated (Healey 1985 , Smith 1986 .
Because disentangling the causal structure of empirical relationships between phytoplankton biomass and underwater light climate is difficult, we regressed I m versus inorganic suspended solids (ISS) concentrations and total phytoplankton biomass. Data did not support our hypothesis that Cyanobacteria biomass drives light availability, despite the negative relationship between Cyanobacteria biomass and I m (Fig. 4d) . Total phytoplankton biomass did not explain more variance in I m than ISS, as we anticipated (Fig. 6) . Because both inorganic and organic particles contribute to turbidity, these factors may interact or alternate to drive light availability. Based on our results, Cyanobacteria may gain an initial competitive advantage in systems with high inorganic turbidity, and, subsequently, their production of high biomass further restricts light availability, thereby allowing them to maintain a light utilization advantage over other taxa.
Unexpectedly, there was a significant negative relationship between total phytoplankton biomass and I m , which counters expectations based on requirements for both adequate nutrients and light ( Table 2 ). The overall decrease in total phytoplankton biomass seems to be driven by the strong decrease in Cyanobacteria biomass with increasing I m (Fig. 4d) , suggesting likely interactions among nutrients, light, and phytoplankton community dynamics that alter pelagic environmental conditions, with Cyanobacteria strongly influencing abiotic conditions within these productive lakes.
Unexplained variance in predictive models
Although our aim was not to build the best predictive models of phytoplankton composition, we did not anticipate the low amount of variance explained by predictive models based on individual gradients in nutrients and light availability (Table 2 and 3 ). This finding suggests that either nutrients and light are interacting to shape phytoplankton community structure or that other environmental factors not considered in this study have a strong effect on community structure. Previous studies have demonstrated that Cyanobacteria biomass is determined by interactions between TN:TP and light, in which Cyanobacteria have higher N requirements at low light (Healey 1985 , Smith 1986 ). Mixing regimes (Winder and Hunter 2008, Wagner and Adrian 2009) , water color (Carvalho et al. 2011) , carbon dioxide availability (Shapiro 1997 , Levine and Schindler 1999 , Low-Décarie et al. 2015 , alkalinity (Carvalho et al. 2011) , and iron (Molot et al. 2014 have previously been demonstrated to influence phytoplankton community composition, especially the initiation and maintenance of Cyanobacteria blooms. In addition to these bottom-up factors, selective grazing by zooplankton can regulate phytoplankton community structure in lakes (Reynolds et al. 1982 , Sommer et al. 2003 . Grazing by planktivorous fish on zooplankton communities can also mediate increased P bioavailability to phytoplankton through direct recycling by fish and increased recycling by zooplankton (Vanni and Findlay 1990) . Phytoplankton response to their environment is "a probabilistic outcome of several dimensions of variability" (Reynolds 1998 ).
Implications for phytoplankton stoichiometry
Because elemental composition of phytoplankton biomass was not analyzed for this monitoring program, we were interested in using phytoplankton taxonomic composition patterns presented here to gain insight on how phytoplankton stoichiometry potentially varies by individual taxa in this region. Sterner et al. (1997) previously demonstrated that the ratio of light to TP (I m :TP) strongly predicted seston C:P, in which C-rich, P-poor seston existed under high light, low nutrient conditions (i.e., high I m :TP), and P-rich seston existed under low light, high nutrient conditions (i.e., low I m :TP). In our study, Cyanobacteria dominated phytoplankton community structure at low I m :TP in terms of taxonomic biomass and relative abundance, both of which decreased with increasing I m :TP (Fig. 7) . These findings suggest that Cyanobacteria are P-rich compared to other taxa, which supports previous research demonstrating that Microcystis spp. have among the lowest N:P ratios among freshwater and marine phytoplankton taxa (Rhee and Gotham 1980, Klausmeier et al. 2004 ), although M. aeruginosa had a relatively high N:P requirement (23.3; Klausmeier et al. 2004 ). These findings contradict previous research from this region demonstrating that phytoplankton communities dominated by Cyanobacteria produce the most biomass per unit TP, implying that Cyanobacteria biomass is P-poor (Filstrup et al. 2014a) . Alternatively, the high relative abundance of Cyanobacteria across the entire I m :TP gradient (70-90% relative abundance; Fig. 7 ) may indicate that Cyanobacteria communities are able to adapt to changes in the balance of light to nutrients by either changing the predominant genera in the community or altering their internal stoichiometry. The optimal N:P of freshwater Cyanobacteria taxa varies considerably, with Klausmeier et al. (2004) demonstrating a 5-fold change in N:P across taxa (~9-45 by atoms). Because certain Cyanobacteria taxa are able to uptake P in excess of their immediate requirements (i.e., luxury uptake), they are able to manipulate their internal stoichiometry based on external nutrient concentrations, which may provide a competitive advantage under P-limited conditions (Reynolds 2006 , Shen and Song 2007 , Carey et al. 2012 . Direct measurements of phytoplankton community stoichiometry are needed to resolve discrepancies in Cyanobacteria nutrient use efficiency from this region and determine whether Cyanobacteria have flexible stoichiometry. 
